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INTRODUCTION

In the past decade, a decision aiding technology has emerged from
the discipline of artificial intelligence that has the potential for
greatly 1improving the decision speed and quality of decision makers
information analysis and problem solving process. Specifically,

rule-based expert systems have been developed which exhibit domain

R O R T R I S BN ARSI S I AT RIR LR R AT R IS P RN S
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specific problem solving behavior that is comparable in quality to
that shown by human experts. From a cognitive human factors
perspective, it has been argued and generally accepted that a
prerequisite for effective user/expert system interaction is a high
degree of consistency between the user's and expert system's domain
knowledge. That 1is, the expert systems should solve the problem in
the same manner, applying the same rules, that a human expert does.

In this paper, we argue that this argument is incorrect and
furthermore that for many contexts, significant consistency in the
user and expert systems problem solving approach is actually
undesirable. Three experiments providing empirical support for this
hypothesis are presented.

Historically most expert systems have been developed to operate
in time-relaxed consultation environments where the system requests
from the user a substantial amount of information about the problem at
hand. Examples of fully developed systems of this type are MYCIN
{shortliffe, 1976) which diagnoses bacterial infections and recommends
antibiotic therapy., and PROSPECTOR (Duda, et al., 1979) which
evaluates geological mineral sites for potential deposits. Recently,

however, expert system technology has focused on the use of expert
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systems as intelligent interfaces between a user and a larger complex
information processing system. These expert interface systems use the
same rule-base program architecture found in consultation systems,
however, they automatically acquire data from an external source
rather than requiring data information from the user. Thus the
primary function of the expert interface system is to enhance a user's
ability to wutilize an external data source, often a large system that
operates independently of the expert interface. Proposed applications
of expert interface systems include centralized sensor integration and
display <control, and real time c? decision making support (Walker

and Lehner, 1985).

From a human factors perspective, there are some key aspects of
expert interface systems that make them very different from expert
consultation systems. First, consultation systems tend to address
problem domains with a well-established, well-documented, and static
knowledge Dbase. Expert interface systems on the other hand, tend to
involve 1ill-specified knowledge bases, where human experts differ
considerably in their opinions. Second, the time constraints on the
decision processes of interface systems is typically shorter than is
the case with consultation systems. Third, consultation systems are
stand alone, requiring the user to enter all problem specific data.
As a result, consultation system users must have sufficient domain
expertise to answer the system queries. In contrast, expert interface
systems are usually embedded within a larger 'background' system.
Thus, users are not a priori familiar with the specifics of the
problem being addressed. Indeed, the user may not even know a problem

exists wuntil the expert system has already analyzed data obtained from
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- the background system and generated its conclusions and L
recommendations. The user, therefore, will typically find it necessay T
g to examine the data and rules that led tou the system conclusions. '
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. Given the above types of expert systems, the user/expert system
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v interaction can be viewed as a situation where two problem solvers are

" trying to cooperatively solve a common decision problem despite the

s
A
D

AP A

RIS

A
KOS
N »

.
’

fact that these two experts may use different decision process,

heuristics and data to solve the common problem. Two cognitive
factors seem particularly relevant when examining this interaction: oo ?
(1) the degree to which the user and expert system's problem solving
processes utilize similar domain and problem specific knowledge, and
(2) the user's conceptual understanding of the basic principle of the
P system's problem solving processes, i.e., the user's mental model. It
is postulated that 1in a user and expert system problem solving
i . situation, performance 1is dependent on both of thess two variables,
. and that there is a strong interaction between them in their impact on
o per formance.
I !. Specifically, we hypothesize that a good mental model of expert
' system processing would facilitate user understanding of system
recommendations and explanations even if the system's problem solving
‘. approach 1is substantially different from the user's. Furthermore,
when the user and expert system are viewed as two interacting

production systems, the potential improvement of cooperative problem

solving over individual wuser or system problem solving increases
o proportionately as the degree of overlap between the user's and the

.- expert system's problem solving processes decreases, i.e., with

decreasing cognitive consistency. However, in order to realize this
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cognitions into his or her own reasoning about the problem. Thus it {ﬁb@

u is predicted that when a user possesses an accurate mental model,
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- cognitive inconsistency should generally result in better performance
~ than problem solving involving a high level of cognitive consistency.
!f If the wuser, on the other hand, does not have a good mental model of
. the expert system's processing, the conventional wisdom, suggesting
that performance improves as the overlap between the user's and
sytem's cognitions increase, may be correct. The following three

experiments test these general hypotheses.

EXPERIMENT 1
. Method
In this experiment, both the subjects and expert system had
1somorphic decision rules (i.e., they would provide the same
‘ solution), however, there was 1inconsistency 1in the data sets. The
expert system had access to data which the subjects initially did not
have, while the data the subjects did possess was more accurate than
' the expert system's data. Under these conditions, subjects were

required to interact with the system to obtain all relevant data,
however, the expert system did not necessarily generate the correct
solutions.

Subjects. Thirty-two (16 male and 16 female) undergraduate
students from the Catholic University of America served as volunteer

subjects in this study. The mean age was 19.3 years with a range of
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17-22 years. None o©of the subjects had previous experience with
rule-based systems or computer-aided problem solving tasks.

Materials. The framework used for development of the intelligent
interface was ERS, Embedded Rule Based System (Barth, 1984), which is
in many respects similar to the well known PROSPECTOR inference engine
(Duda, et al., 1979). The ERS system consists of an inference engine,
rule base parser, and language for representing rules. Rules in a
test file are parsed and compiled into internal data structures during
run-time initialization. The inference engine then uses these data
structures to drive the system's decision making process. This
process may 1involve gathering evidence from the user, as is usually
done in expert consultation systems, or from a set of primitives
supplied for a particular application, or both. As sufficient
evidence 1is gathered, conclusions or advice is reported in the form of
the degree of belief 1in the top 1level, goal hypotheses that were
defined 1in the rule base. The system continues gathering evidence and
reporting advice, until no more evidence remains to be gathered, or
the user issues a quit command. Written in Pascal, ERS was developed
on a VAX-11/780 under the UNIX operating system, version 4.1 bsd. and
has been 1installed on an IBM PC with 128 bytes of memory, under the
UCSD P-System.

For this study, a sirmplified version of ERS was implemented on an
Apple Ile microcomputer with 64 bytes of memory. The rule base
representing the testbed domain consisted of an inference network
containing 63 nodes, 5 goal hypotheses, 39 rules, and 1¢9 links
between nodes. This system was employed for all three experiments.

Experimental Design. A 2 x 2 factorial design was used to create




the experimental conditions. The two independent variables were (1)
cognitive consistency and (2) mental model. The two levels of
cognitive consistency were created by the nature of the problem
solving style used by the subject. In each problem, the expert system
operated 1n a goal-driven, backward-chaining manner through the rule
base to evaluate goals. High cognitive consistency was defined when
the wuser was taught to problem solve 1in a similar goal-driven,
backward-chaining manner. Low cognitive consistency occurred when the
user problem solved in an almost opposite, data-driven,
forward-chaining process. The application of both procedures resulted
in identical final soutions for all data possibilities.

The two levels of the second independent variable, mental model,
were (1) accurate mental model and (2) no mental model. Subjects 1in
the accurate mental model condition received as part of their
instructions a written description of an inference network. This
section described the structure of a general inference network,
explained how the expert system identified goals, intermediate
hypothesis, and data items, and chained up and down the network to
obtain degree of certainty values for each goal. Included in this
section was a pictorial display of an inference net and a simple
example of its operation. By working through this section, tihe user
developed a mental model of how the expert system solved problems.

Testbed Doman. The experimental domain for all three experiments

was a simulated stock market setting in which five different types of
securities fluctuated in value during the testing sessions. The
increase or decrease in security values was influenced by two types of

data: (1) general market conditions, and (2) specific trading
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S activities. Market conditions <concerned the degree to which the
'A. general market state could be identified as "bear," "mixed," or
n "bull." Trading activities described the volumes of buying/selling

during a hypothetical time frame, e.g., "Blue Chip securities were

v -

.'
..
‘.

sold by 5000 shares in two weeks."
n Task problems were constructed by creating patterns of specific

market conditions and trading activities and defining the resultant

security wvalue fluctuations. For each possible pattern of data
i combinations there was exactly one of the five securities whose !tv,
value increased the highest. Thus, for each task problem there was

one optimum security that should be recommended for purchase.

Expert System. The expert system, used in the three experiments, ':}¥¢
included an inference network in which each of the five securities was :&g:;
i . set as a goal, The experimenter provided the system with access to E;EEE
I data concerning previous market conditions (e.g. "bear"), current
" market conditions (e.g., "mixed"), and the volumes and direction that
= each security is currently being traded. The system utilized
. . backward-chaining procedures to validate the degree of belief in each
; ' of the 1lowest-level data nodes, assess value to the intermediate
: hypotheses, and 1in turn estimate the degree to which each of the five
- securities should be recommended for purchase. At this point the
system displayed the five securities as rank-ordered (greatest to
;: poorest) recommendations for purchase.
A - Procedure. After reading a description of the experiment and
g i; signing a consent form, subjects received the instruction booklet
E 53 pertaining to their particular mental model/cognitive consistency
g group condition. These instructions specified the objectives,
=
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procedures, and requirements of the problem solving task. Each set of
instructions previously defined the level of mental model and type of
problem solving procedures to be implemented.

Subjects were seated at a large table directly in front of the
expert system with ample space to arrange their individual problem
solving sheets. Upon completion of the experimental booklet, subjects
received three test problems to practice use of their own procedures.
The type of data presented to the subject was of the same nature,
i.e., market conditions and trading activities, that the expert system
utilized. Competent use of the appropriate styles of procedures,
either (1) cognitive consistent or rule-driven, backward chaining, or
(2) cognitive inconsistent or data-driven, forward chaining, was
reached by all participants.

At this time subjects received practice interacting with the
expert system, After viewing the system's prioritized 1list of
security recommendations, users practiced querying the system for its
decision rationale. In other words, the user saw what the expert
system recommended for a specific problem and sought to determine
"how" and/or "why" this particular recommendation was reached.
Through the use of a node description command, initiated by the
entering of a "d," carriage return, and specification of the node name
to be examined, users were able to examine important components of the
systems 1logic and reasoning. Successful interaction with the system
involved the specification of several successive node description
commands to reach meaningful information, e.g., the degree of
certainty of the systems lowest level data items.

The experimental process tested subjects individually for six
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separate problems. A time constraint of 150 seconds was imposed upon
each task. Pilot studies demonstrated this time allowance as adequate
for proficient interaction with the system and use of individual
problem solving procedures.

Each of the problem solving tasks proceeded as follows. Seated
in front of the expert interface system with individual problem
solving sheets within easy reach, a subject viewed the system's rank
ordered 1list of security recommendations for the current problem. The
experimenter handed the subject written data concerning "previous
market" and ‘"current market" estimations. At this point the subject
could allocate time to either querying the system with the "d"
command, utilizing the individual problem solving sheets, or a
combination of Dboth. After 188 seconds, the subject viewed the
system's recommendations a final time and terminated the problem
solving session. The subject recorded on an answer sheet by simply
checking off the one or two securities most recommended and by writing
a few sentences describing why.

At the completion of six such problems, subjects completed a
brief questionnaire assessing reaction to the problem solving
experience and were adequately debriefed.

Performance Measures. For each of the six problem solving tasks,

one of the five securities had been evaluated as the optimal
recommendation during task construction. This benchmark solution was
reached by utilizing problem solving procedures applied to the
complete data set. It should be noted that both types of procedures,
forward-chaining and backward chaining, reached the same conclusions

given the same data. Thus, for each of the six problems a benchmark

)
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solution was constructed as a comparison for the subjects' responses.
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The major performance measurement was the number of times a

subject's response matched the predetermined optimal one. Individual

"

scores could range from @, none of the problems correct, to 6, all of

.y
o
l

the solutions matched with the optimal ones.
’ A second performance measure was the 1l@-item subjective
questionnaire. Subjects indicated on a 10-point scale from 4 ("very

strongly disagree") to 18 ("very strongly agree") their agreement with

statements addressing (1) the wunderstanding of the expert system's

operating procedures, (2) the ease of system use, (3) the confidence

e of final user decisions, and (4), the adequacy of the time allotment.
r;

Finally, the number of user queries to the expert interface
system were recorded. These "d" commands were noted for each subject
over each of the six problems.
. Results
o The principle issue in this experiment was the combined effect of
- mental model and cognitive consistency on subjects problem solving
! with an expert system. The data set was subjected to a 2 x 2 analysis A
. X
of wvariance procedure investigating the main effect of each of the ;i&%
independent variables a well as the interaction between them. The 3§ff
- strong main effect of mental model, F(1,28) = 1l1.15, p = .@@0214, _;;
» demonstrated that an effective understanding of the system's operating ﬁi:
%z procedures facilitated cooperative problem solving quality. As ;ﬁéﬁ

predicted, a main effect for cognitive consistency did not occur,
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F(1,28) = @.0. The presence of a significant interaction between b
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mental model and cognitive consistency, F(1,28) = 8.2, p = .0079, -~

supports our central hypothesis and theoretical basis for user/system
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problem solving.
A graphical presentation of subject <correct responses as a

percentage of total problems is depicted 1in Figure 1. The mental

model/cognitive consistency interaction is easily observable.

Individual comparisons confirmed several hypotheses. For those
possessing an accurate mental model, inconsistent (forward-chaining)
procedures led to a significantly greater performance, than consistent
(backward-chaining) procedures t(l14) = 2.17, p < .85. For users
without an accurate mental model performance improved when consistent
{backward-chaining) procedures were followed, although this difference
failed to reach significence, t(14) = 1.9¢0, p = .079. When evaluating
the two groups implementing inconsistent procedures, subjects
possessing an accurate mental model performed significantly better,
t(l4) = 4.13, p < .01.

Further data analysis was performed by evaluating subjects
reponses to the 1l@-item subjective dquestionnaire. Users receiving
accurate mental models reported greater "understanding of the system's
operating procedures," means of 5.7 and 5.7 (cognitive inconsistent
and cognitive consistent respectively) than those without an accurate
mental model, means of 3.4 and 3.8 respectively. Reports of "ease of
system use" followed the general interaction pattern, the means being
7.9, 6.7, 6.8, and 5.8, "Confidence of final user decisions" followed
the same pattern with means of 7.9, 6.7, 6.8, and 5.8. The "adequacy
of the time allotment"” revealed the lowest performing group of no
mental model/cognitive inconsistent to be most time pressured, mean of
2.8, compared to the other three groups with mean:  of 4.8, 5.5, and

4.4 respectively.
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PERFORMANCE AS PERCENTAGE OF OPTIMAL RESPONSES BY GROUP -
{Experiment 1)
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The final performance measure of the number of user queries

during user/system interaction revealed no differences across the four

conditions, the means being 4.9, 5.2, 5.27, and 5.01 respectively.

EXPERIMENT 2

Method

In Experiment 1, there was a 60% difference in performance
between the good and no mental model groups under the cognitive
inconsistent condition. One hypothesis to account for this difference
is that good mental model subjects were much more facile in
manipulating the expert system than the no mental model subjects. As
a resu't they were able to manipulate the system to get access to all
relevant data, while the no mental model subjects were not able to a>
this. Experiment 2 tested this hypothesis. Specifically, this
experiment examined whether users utilizing forward-chaining
(cognitive inconsistent) procedures with no mental model of the expert
system's problem solving processes could significantly improve their
problem solving performance if given direct access to the system's
data. It was predicted that if wusers with no mental model using
inconsistent procedures could obtain an immediate display of all
relevant data the system had available, their performance would not
significantly differ from users with a good mental model wusing
inconsistent procedures.

Subjects. Sixteen (17 male and 9 female) undergraduate students

form the George Mason University served as subjects in this study.

13
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The mean age was 18.5 years with a range of 17-21 years. None of the
subjects had previous experience with rule-based systems or

computer-aided problem solving tasks.

- .- *
'y * .-_
,
.

Experimental Design. A between subjects design was used to

. examine one independent variable, mental model, with respect to low

cognitive consistency. The two levels of mental model, were (1)

L. S
ﬁF

accurate mental model and (2) no mental model. Subjects in the
accurate mental model condition received as part of their instructions
! a written description of an inference network. This was the same
' description as that given to subjects in Experiment 1. The subjects
in the no mental model condition were not given this description of
i r the system's inference network, however, they could access the
system's data by using a data description command as described in the
Procedure section.
. . As in Experiment 1, low cognitive consistency was created in all
Qj;g subjects by teaching the wuser to problem solve in a data-driven
forward-chaining process.
!; Procedure. The procedure was identical to that of Experiment 1,
with two exceptions. The first being that users with a good mental
:f model and inconsistent procedures were compared only to users with no
- mental model and inconsistent procedures. Thus, two groups of

subjects (rather than four groups as in Experiment 1) were examined.

o The second difference between Experiment 1 and Experiment 2 was
that a data desription command was employed in Experiment 2. Users
with no mental model were able to examine, through the use of a data
- description command, the system's actual data (i.e., the market

conditions and trading activities) that it wused to reach its

o

.
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= conclusions. This command was initiated by entering a "w", carriage
return and specification of the data to be examined.

S: Performance Measures., The performance measures were identical to

those of Experiment 1 with the exception that the number of user
queries to the expert interface system were not recorded.

» Results

. This experiment examined the performance of users without an

accurate mental model and with direct access to the system's data

(i.e., the data description command) with the performance of users

with an accurate mental model and no direct access to the system's

= data. The data set was subjected to a t test (one factor analysis of
v variance) procedure. Results demonstrated that wusers with direct gﬁ;}_
access to the system's data but without an accurate mental model did EE?E;E
‘ not significantly differ from users without direct access to the ;Eﬁig
‘ .l system's data but with a good mental model, F(1l,14) = .78, p > .05. A !:ﬁe¢.

o graphical presentation of subjects' correct responses as a percentage
of total problems is depicted in Figure 2.

I- Further data analysis was performed by evaluating subjects'

responses to the l@-item subjective questionnaire. As expected, users

: ) receiving accurate mental models reported greater "understanding of

' the system's operating procedures" than those without an accurate

mental model (means of 6.3 and 3.7 respectively). Users with accurate

mental models also reported greater "confidence of their final

e

decisions" than those users without an accurate mental model (means of
- 6.4 and 3.5 respectively). The "adequacy of the time allotment"
followed the same pattern with means of 5.6 and 3.2. However, "ease

of system use" was found to be greater in users with no mental model
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i: than 1in users with an accurate mental model (means of 5.2 and 4.8
& respectively). This last finding suggests that 1if a user with no
u mental model has the capability to access the system's data directly,
he or she will find the system much easier to use.
. :
) EXPERIMENT 3 i
Method k...
In the previous two experiments, subjects had little need to
g actually trace the expert system's reasoning to obtain assistance in
r problem solving, rather they simply used a sequence of commands to
reach the system's data. Consequently, it was not clear the extent to
which a good mental model helped subjects actually understand how the
.l system generated a recommendation., This third experiment addressed
this latter issue. In particular, we examined the effect a user's
mental model has on performance when the user is required to examine
E and identify inconsistencies between the system's rule-base and the
) user's problem solving procedures. It was predicted that a good
: mental model would allow the user to effectively chain up and down
- through the system's rule-base, whereas users with no mental model
. would 1in effect, become "lost" unless they were using the same problem
= solving procedures (i.e., backward chaining) as the system.
= Subjects. Thirty-two (14 male and 18 female) undergraduate
%j students from the Lord Fairfax Community College served as volunteer

subjects in this study. The mean age was 19,6 years with a range of

“:’.

17-30 years. None of the subjects had previous experience with
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rule-based systems or computer-aided problem solving tasks.

Experimental Design. The experimental design was identical to

that of Experiment 1.

Procedure. The procedure was identical to that of Experiment 1
with the exception that subjects received a statement indicating the
system's solution if it was free of error in addition to problem
solving sheets that led to solutions inconsistent with the rule-base
employed by the system. The system's solution if it was free of error
was lidentical to that obtained using the problem solving sheets.
Thus, the system and the problem sheets resulted in two different
solutions. Subjects were told that the system contained an error in
the way it solved each problem. Subjects were required to identify
the inconsistency or difference between their problem solving sheets
(or the problem solving 1logic used by the system if it was free of
error) and the procedures (or problem solving logic) utilized by the
expert system (e.g., Situation A on Sheet 1 was interchanged with
situation C on Sheet 3).

Performance Measures, The major performance measure was the

number of times a subject correctly identified an inconsistency
between the system's solution and the solution provided by the problem
solving sheets. All other performance measures were identical to
those utilized in Experiment 1.
Results

The principle issue in this experiment was the combined effect of
mental model and cognitive consistency on the wuser's ability to
identify inconsistencies between the system's rule base and the user's

problem solving procedures. The data set was subjected to a 2 x 2

18
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analysis of wvariance procedure investigating the main effect of each
of the independent variables as well as the interaction between them. ;f}f:
The strong main effect of mental model, F(1,28) = 18.67, p = .0082,

demonstrated that an effective understanding of the system's operating

procedures facilitated rule inconsistency identification. As
expected, a main effect for cognitive consistency did not occur,
F(1,28) = 2.067, p > .05. The interaction between mental model and
cognitive consistency, F(1,28) = .52, p > .05, was not significant.

A graphical presentation of subject correct responses as a
percentage of total problems is depicted 1in Figure 3. The mental

model/cognitive consistency interaction 1is easily observable. For

users possessing no mental model, consistent (backward-chaining)
procedures led to a significantly greater performance, than
inconsistent (forward-chaining) procedure t(14) = 2.39, p < .05. For

users with an accurate mental model, performance did not significantly
differ for the two types of problem solving procedures t{(l14) = 1.07, p
>  .@5. Users possessing an accurate mental model and consistent
procedures per formed significantly better than wusers utilizing
consistent procedures with no mental model t(l4) = 2.55, p < .85,

The data analysis of the 1l0-item subjective questionnaire

revealed results supporting the performance data. Users receiving
accurate mental models reported '"greater confidence of their final

decisions", means of 7.6 and 6.75 (cognitive inconsistent and

cognitive consistent, respectively) than those without an accurate

PAC ALY

~ PRE

mental model, means of 4.75 and 6.5 respectively. The "adequacy of ;g;iy
,\:_-. _,:.‘

the time allotment" revealed the lowest performing group of no mental é“ ~J

model/cognitive inconsistent to be the most time pressured, mean of
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5.25 compared to the other three groups, means of 6.8 for the no

mental model/cognitive consistent group, 6.4 for the accurate mental
model/cognitive consistent group, and 7.6 for the accurate mental
model/cognitive inconsistent group.

The results for two items on the subjective questionnaire yielded
somewhat inconsistent results. Users utilizing consistent procedures
with no mental model reported "greater understanding of the system's
operating procedures”, mean of 7.21 followed by those users receiving
a good mental model and inconsistent procedures, mean of 6.5. The no
mental model group receiving inconsistent procedures had a mean of
6.1, and finally, users with a good mental model and consistent
procedures had a mean of 5.1. Greater "ease of system use" was
reported by the accurate mental model/cognitive inconsistent group,
mean of 8.3, followed by the no mental model/cognitive consistent
group with a mean of 7.75. These group means were followed by users
receiving a good mental model and cognitive consistent procedures,
mean of 6.8, and finally, the no mental model/cognitive inconsistent
group, mean of 5.8,

The final performance measure of the number of user queries
during user/system interaction revealed no significant differences
across the four conditions, the means being 3.22, 3.33, 3.57, and 3.65%

respectively.

DISCUSSION AND CONCLUSION

The basic conclusions for these three experiments appears to be
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2 C? that in a cooperative human/intelligent machine problem solving i;g?;
S - setting, where the human and machine employ different problem solving iéi;
e IaYed
‘ ! procedures, it 1is generally essential that the user have an accurate e
. . model of how that machine operates. Even for relatively simple .
N S
: 37 decision problems, such as the one used in these experiments, a poor
K mental model leads to anywhere from a 3@ to 68% drop in performance.
T For complex, real-world expert system applications therefore a good
mental model may often be a necessary condition for effective
_ user/expert system interaction. Indeed, from the perspective of the
; practical implications, the most immediate impact is what the results
{ = suggests about how user interactions with expert consultation and
"M expert interface systems will differ. Users of expert interface
systems are 1likely to be significantly inconsistent from the expert
system in both the problem specific data they are initially aware of
. and the domain specific heuristics wutilized 1in problem solving.
IE - Consequently, user/expert interface system interaction is a situation
: - that naturally reflects a great deal of cognitive inconsistency. As a
< result, creating an accurate mental model may be an essential
. " ingredient for the successful transfer of interface system to
é f operational use.
- Regarding the completeness of the above research, it should be
recognized that these experiments operationalized cognitive
;: consistency as the match between the user's and the expert system's
- - procedures. Other dimensions of cognitive consistency need to be
5 ;f examined. Furthermore, a node description command was the only type
i ‘. of explanation a wuser could receive in this study. This was chosen
i, F- primarily because of the imposed time constraint and the nature of the h;
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task setting. Other explanation capabilities should be examined,
including a rule-trace or presentation of the system's intermediate
hypotheses. Finally, wuser groups of diverse expertise levels should
be studied over several domains and under a varying range of time
constraints. Ongoing research 1is currently addressing futher issues
in the user/system interface in an attempt toward developing a more
complete set of empirically-~tested theoretical principles of

user/expert system interaction.
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Dr. Kenneth R. Boff
AF AMRL/HE
Wright-Patterson AFB, OH 45433

U.S. Alr Force Office of
Scientific Research

lLife Science Directorate, NL

Bolling Air Force BRase

Vashington, D.C. 20332

AFHRL/LRS TDC
Attn: Susan Ewing
Wright-Patterson AFB, OH 45433

Chief, Systems Engineering Branch
Human Engineering Division

USAF AMRL/HES

Wright-Patterson AFB, OH 45433

Dr. Earl Alluisi

Chief Scientist

AFHRL/CCN

Brooks Air Force Base, TX 78235

Dr. R. K. Dismukes

Associate Director for Life Sciences
AFOSR

Bolling AFB

Washington, D.C 20332

Foreign Addresses

Dr. Kenneth Gardner

Applied Psychology Unit
Admiralty Marine Tech. Estab.
Teddington, Middlesex TWI1l OLN
England

Human Factors
P.0O, Box 1085
Station B
Rexdale, Ontario
Canada M9V 2B3

[ T I (R R

Foreign Adﬂipsscs

Dr. A, D. Baddeley

Director, Applied Psychology Unit
Medical Research Council

15 Chaucer Road

Cambridge, CB2 2EF Fngland

Defense Technical Information Center
Cameron Station, Bldg. 5
Alexandria, VA 22314 (12 copies)

Dr. Clinton Kelly

Defense Advanced Research Projects
Agency

1400 Wilson Blvd.

Arlington, VA 22209

Dr. M. C. Montemerlo
Human Factors & Simulation
Technology, RTE-6

NASA HQS

Washington, D.C. 20546

Other Organizations

Ms. Denise Benel
Essex Corporation

333 N. Fairfax Street
Alexandria, VA 22314

Dr. Andrew P, Sage

First American Prof. of Info. Tech.
Assoc. V.P. for Academic Affairs
George Mason University

4400 University Drive

Fairfax, VA 22030
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Other Organizations

Dr. Robert R. Mackie

Human Factors Rescarch Division
Canyon Rescarch Croup

5775 Dawson Avenue

Coleta, CA 93017

Dr. Amos Tversky

Dept. of Psychology
Stanford University
Stanford, CA 94305

Dr. H., Mcl. Parsons
Essex Corporation

333 N, Fairfax St.
Alexandria, VA 22314

Dr. Jesse Orlansky

Institute for Defense Analyses
1801 N. Beauregard Street
Alexandria, VA 22043

Dr. J. 0. Chinnis, Jr.

Decision Scilence Consortium, Inc.
7700 Leesburg Pike

Suite 421

Falls Church, VA 22043

Dr. T. B. Sheridan

Dept. of Mechanical Engineering
Massachusetts Institute of Technology
Cambridge, MA 02139

Dr. Paul E. Lehner

PAR Technology Corp.

7926 Jones Branch Dr., Suite 170
Mclean, VA 22102

Dr. Paul Slovic
Decision Research
1201 Oak Street
Eugene, OR 97401
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Dr., Harry Snyder

Dept. of Tndustrial Engincering

Virginia Polytechnic Institute
and State University

Blacksburg, VA 24061

Dr. Stanley Deutsch

NAS-National Rescarch Council (COHF)
2101 Constitution Avenue, N.W,
Washington, D.C. 20418

Dr. Amos Freedy
Perceptronics, Inc.

6271 Variel Avenue
Woodland Hills, CA 91364

Dr. Robert Fox

Dept. of Psychology
Vanderbilt University
Nashville, TN 37240

Dr. Meredith P. Crawford

American Psychological Association
Office of Educational Affairs

1200 17th Street, N.W,

Washington, D.C, 20036

Dr. Deborah Boehm-Davis
Dept. of Psychology
George Mason University
4400 University Drive
Fairfax, VA 22030

Dr. Howard E. Clark

NAS-NRC

Commission on Engrg. & Tech. Systems
2101 Constitution Ave,, N.VW,
Washington, D.C. 20418
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Other Organizations

k3

Dr. Charles Cettys
Department of Psychology
Unjversity of Oklahoma
455 West Lindsey

Norman, OK 73069

PR
R

Dr. Kenneth Hammond

Institute of Behavioral Science
University of Colorado

Roulder, CO 80309

R |

Dr. James B. Howard, Jr.
Department of Fsychology
Catholic University
wWashington, D. C. 20064
Dr. William Howell
Department of Psychology
Rice University

Houston, TX 77001

Dr. Christopher Wickens
Department of Psychology
University of Illinois
Urbana, IL 61801

3

e Mr. Edward M. Connelly
ne Performance Measurement
Associates, Inc.

1909 Hull Road
Vienna, VA 22180

v'-

Professor Michael Athans
Room 35-406
Massachusetts Institute of
2 Technology
Cambridge, MA 02139

Dr. Edward R. Jones

bo

Chief, Human Factors Engineering
McDonnell-Douglas Astronautics Co.
"e St. Louis Division
“ Box 516

St. Louis, MO 63166
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Dr. Babur M. Pulat

Department of Industrial Fngincering
North Carolina A&T Stuate University
Greensboro, NC 27411

Dr. lLola l.opes

Toformation Sciences Division
NDepartment of Psychology
University of Wisconsin
Madison, WI 53706

National Security Agency
ATTN: N-32, Marie Goldberg
9800 Savage Road

Ft. Meade, MD 20722

Dr. Stanley N. Roscoe

New Mexico State University
Box 5095

Las Cruces, NM 88003

Mr. Joseph G. Wohl
Alphatech, Inc.

3 New England Executive Park
Burlington, MA 01803

Dr. Marvin Cohen

Decision Science Consortium,
Suite 721

7700 Leesburg Pike

Falls Church, VA 22043

Inc.

Dr. Robert Wherry
Analytics, Inc.
2500 Maryland Road
Willow Grove, PA 19090

Dr. William R, Uttal
Institute for Social Research
University of Michigan

Ann Arbor, MI 48109

Dr. William B, Rouse

School of Industrial and Systems
Engineering

Georgia Institute of Technology
Atlanta, GA 30332
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Otber Crganizations

Dr. Richard Pew

Bolt Beranck & Newman, Tnc.
50 Moulton Street
Cambridge, MA 02238

Dr. Hillel Finhorn

Graduate School of Business
University of Chicago

1101 E, 58th Street
Chicago, IL 60637

Dr. Douglas Towme

University of Southern California
Behavioral Technology Lab

1845 South Elena Avenue, Fourth Floor
Redondo Beach, CA 90277

Dr. David J. Getty

Bolt Beranek & Newman, Inc.
50 Moulton street
Cambridge, MA 02238

Dr. John Payne

Graduate School of Business
Administration

Duke University

Durham, NC 27706

Dr. Baruch Fischhoff
Decision Research
1201 Oak Street
Eugene, OR 97401

Dr. Alan Morse

Intelligent Software Systems Inc.
160 01d Farm Road

Amherst, MA 01002

Dr. J. Miller

Florida Institute of Oceanography
University of South Florida

St. Petersburg, FL 33701
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